Opinions play an important role in trust building and the creation of consensus about issues and products and a number of studies have focused on the design, evaluation, and utilization of online opinion systems. However, little effort has been spent on the dynamic aspects of online opinion formation. In this article, we study the dynamics of online opinion expression by analyzing the temporal evolution of vey large sets of user views and determine that in the course of time, later opinions tend to show a big difference with earlier opinions, which moderates the average opinion to the less extreme. Online posters also tend to disagree with previous opinions when the cost of expression is high.
INTRODUCTION
Since opinions play such an important role in trust building and the creation of consensus about many issues and products, there have been a number of recent studies focused on the design, evaluation and utilization of online opinion systems [Dellarocas 2000 [Dellarocas , 2006 Cosely et al. 2003; Gao et al. 2006; Hu et al. 2006; Danescu-Niculescu-Mizil et al. 2009 ] (for a survey, see Dellarocas [2003] ). Given the importance of group opinions to collective social processes such as group polarization [Asch 1955; Myers 1982; Sunstein 2002] and information cascades [Banerjee 1992; Bikhchandani et al. 1992; Salganik et al. 2006; Chevalier and Mayzlin 2006] , it is surprising that with the exception of one study [Li and Hitt 2004] , little research has been done on the dynamic aspects of online opinion formation. It remains unclear, for example, whether the opinions about books, movies, or societal views fluctuate a long time before reaching a final consensus or they undergo systematic changes as time goes on. Thus the need to understand how online opinions are created and evolve in time in order to draw accurate conclusions from that data.
On reflection, it is rather surprising that people contribute opinions and reviews of topics which have already been extensively covered by others. While posting views is easy to understand when it involves little effort, like clicking on a button of a Web site, it is more puzzling in situations where it is costly, such as composing a review. (e.g., when an Amazon user decides to review a book, she is required to write a short paragraph of review in addition to a simple star rating. The average word count of Amazon reviews is 181.5 words [Ketzan 2002 ], so the cost of opinion expression is indeed high.) If the opportunity to affect the overall opinion or rating diminishes with the number of published ones, why does anyone bother to incur the cost of contributing yet another review? From a rational choice theory point-of-view, if the utility to be gained does not outweigh the cost, people would refrain from expressing their views. And yet they do not. This is reminiscent of the well analyzed voter's paradox [Downs 1957; Riker and Ordeshook 1968] where a rational calculation of their success probability at determining the outcome of an election would make people stay home rather than vote, and yet they show up at the polls with high turnout rates. In contrast to a political election, there is no concept of winning in online opinion systems. Rather, by contributing her own opinion to an existing opinion pool, a person affects the average or the distribution of opinions by a marginal amount that diminishes with the size of that pool.
Recently, Schlosser [2005] has pointed out that posters (those who post opinions) tend to disagree with previous ones because they do not want to be perceived as indiscriminate, while lurkers (those who do not post opinions) are less affected by others' negative opinions [Amabile 1983 ]. In an empirical study involving a few hundred students, she found out that posters presented more than one side when publicly explaining their attitudes despite their favorable product experiences and commitment to these attitudes. Interesting as these findings are, they have not been extended to very large scale (i.e., millions of opinions) in a real-world setting.
Within this context, we studied the dynamics of online opinion expression by analyzing the temporal evolution of a very large set of user views, ranging from online reviews of the best-selling books at Amazon.com, and movie reviews at the Internet Movie Database IMDB. On the massive scale that the web offers, we observed that later opinions in the course of time tend to show a large difference with previous ones, which moderates the average opinion to the less extreme. Furthermore, posters tend to disagree with previous ones when the cost of expression is higher. This is a robust and quantitative observation which conforms with Scholosser's hypotheses. 
Opinion Formation Under Costly Expression

Data
We will use the following notations throughout this article: X n denotes the quantified value of the nth opinion of one particular item;X n = 1 n n i=1 X i denotes the average value of the first n opinions of one particular item; EX n denotes the sample mean of X n for all items in a dataset; EX n denotes the sample mean ofX n for all items in a dataset.
In order to perform our study on online opinions, we first analyzed book ratings posted on Amazon.com. Our sample consisted of 1,729,830 book ratings of the top 4,000 best-selling titles of Amazon in each of the following 12 categories, as of July 1, 2007: arts and photography, biographies and memoirs, history, literature and fiction, mystery and thrillers, reference, religion and spirituality, sports, travel, nonfiction, science, and entertainment. For each of the 48,000 books, a series of user ratings was collected in time order, where each rating is an integer between 1 and 5. Among the 48,000 books, 16,454 books have no less than 20 ratings, 7,385 books have no less than 50 ratings, and 3,495 books have no less than 100 ratings.
Results
We first checked the average rating of books (EX n ) in each of these three sets of books as a function of the rating index (n). As can be seen from Figure 1(a) , the ratings are generally favorable (the average of all 1,729,830 ratings is X all = 4.04). There is a clear decreasing trend, indicating that later users tend to write different reviews from those of earlier users. This is consistent with the empirical finding of Ariely and Levav [2000] that when group members voice their opinions sequentially, an opinion shift may be induced. However, as opposed to the widely observed group-polarization effect, the overall opinion on Amazon tends to decrease away from the extreme ones.
Since the book ratings in our dataset are generally favorable, one might wonder whether the moderating effect in Figure 1(a) is merely an artifact of high initial ratings. It would be helpful if one could locate a set of books with low initial ratings and see if their ratings also exhibit a moderating effect over time. To this end, we divided the books into 6 tiers based on the average value of their first 3 ratings (X 3 ) and plotted the average rating as a function of the rating index for each tier. As one can see in Figure 1 (b), all 6 tiers tend to move closer to the overall meanX all = 4.04 as opposed again to the divergent pattern commonly observed in group polarization experiments.
In order to better compare our results with existing studies of group polarization, which usually measure the difference between the final and initial average opinion, we next measured the change of ratings at the level of each individual book. For each book with l ≥ 2n ratings, we calculated the mean of its first n ratings (X 1,n = 1 n n i=1 X i ) and the mean of its last n ratings (X l−n+1,l = 1 n l i=l−n+1 X i ). We then performed a series of statistical tests on the alternative hypothesis "X l−n+1,l <X 1,n " for books in each tier, n ranging from We divided the 16,454 books which have no less than 20 ratings into 6 tiers. From top to bottom, respectively, they contain 11,393 books withX 3 ∈ (4.5, 5], 1,645 books withX 3 ∈ (4, 4.5], 2,252 books withX 3 ∈ (3.5, 4], 500 books withX 3 ∈ (3, 3.5], 562 books withX 3 ∈ (2, 3], and 102 books withX 3 ∈ [1, 2]. The horizontal dashed line X all = 4.04 is the overall mean of all 1,729,830 ratings in our full dataset. We see that the average book rating in each tier shifts towards the dashed line. 1 to 50. The results are listed in Table I (see also Figure 2 ). As can be seen, the conclusions drawn from Figure 1 (b) are robust. While these empirical findings reveal interesting trends in online opinion formation in contrast to group polarization, we stress that the convergence pattern shown in Figure 1 (b) does not necessarily imply that people come to an agreement in the end. In fact, when we measured the standard deviation σ 1,n of the first n ratings and σ l−n+1,l of the last n ratings for all books with no less than 2n ratings, all 49 tests supported the alternative hypothesis "σ l−n+1,l > σ 1,n " with p-value less than 0.001 for n = 2, . . . , 50, suggesting diversification of opinions over time. We also measured the fraction of each star rating as a function of the rating index. Let f n (r) denote the fraction of r-star ratings among all the nth ratings in our dataset for r = 1, 2, 3, 4, 5. Figure 3 plots the growth of fractions for r = 1, 2, 3, 4. As one can see, the fraction of 1-star ratings grows fastest, indicating that instead of ending with a group of people with moderate opinions, one observes a variety of diverse views. This shows that public discourse on Amazon typically intensifies over time and does not reach a consensus in the end in contrast to the imitative behavior seen in herding and information cascades.
In Figure 1 (b), we could only compare the ratings of two groups of subjects (the first n and the last n), for Amazon does not allow its users to leave multiple reviews. Hence our results do not necessarily imply that as time goes on the average opinion of the whole population changes for the late reviewers might come from a different group than the earlier ones and need not be representative of the whole population. This is seen when plotting the average "helpful ratio" as a function of star rating in Figure 4 for users of Amazon. As can be seen, the whole population finds high ratings in general more helpful than low ratings. If one assumes that agreeing with a review is correlated with finding it useful, this implies that the majority of the population does not necessarily agree with the low ratings. This additional data then suggests that rather than indicating a real choice shift in the whole population, the observed dynamic trend on Amazon might be more of a selection bias. By this we mean that the more recent ratings are generated by a subgroup of users whose opinions deviate considerably from the average opinion of the whole group, a point that we will elaborate below. Notice that the majority of the data is to the right of the origin, indicating an upward trend in the average opinion.
• 5:7 Fig. 3 . The change in the fraction of 4-star, 3-star, 2-star, and 1-star reviews on Amazon.
Discussion
One possible explanation for these results is that in cases like Amazon, people will derive more utility the more they can influence the overall rating as in the voter's paradox. To be precise, in cases where users' opinions can be quantified and aggregated into an average value (when a user opens up a book page on Amazon, she sees the average rating at the top of the page right under the title), the influence of an online opinion can be measured by how much its expression will change the average opinion [Osborne et al. 2000] . Suppose that n users have expressed their opinions, X 1 , . . . , X n , on a given topic at a Web site. If the (n + 1)th person expresses a new opinion X n+1 , it will move the average rating toX n+1 = (nX n + X n+1 )/(n + 1), and the absolute change in the average rating is given by |X n+1 −X n | = |X n+1 −X n |/(n + 1). Thus a person is more likely to express her opinion whenever |X n+1 −X n | is large-an opinion is likely to be expressed if it deviates by a significant amount from those already stated. Indeed, what is the point of leaving another 5-star review after one hundred people have already done so? This point has similarities to Schlosser's hypotheses [2005] , and has also been made within the "brag-and-moan" model [Hu et al. 2006; Dellarocas and Narayan 2006] , which assumes that consumers only choose to write reviews when they are very satisfied with the products they purchased (brag), or very disgruntled (moan). Note however, that the brag-and-moan model is static and thus predicts thatX n is constant over time in contradiction to the observed dynamical trends. In order to test our hypothesis, we measured directly how much one's rating deviates from the observed average rating. We plot the expected deviation The average review length of five different star ratings in the number of characters. The data is calculated for 4,000 best-selling mystery books. By comparing the two figures, it is clear that people find high ratings more helpful not just because they are longer. For instance, 5-star reviews are on average shorter than 4-star and 3-star reviews but are nevertheless more helpful.
Ed n = E|X n −X n−1 | as a function of n in Figure 5 (a), where X n is the rating left by the nth user, andX n−1 is the average rating the nth user observes. As can be seen, Ed n increases with n. Since the expected deviation Ed n of an independent and identically distributed sequence normally decreases with n, this increasing trend is indeed significant. The average deviation of X n from (X n−3 + X n−2 + X n−1 )/3 increases with the number of reviewers.
It is known in the group polarization literature that exposure to the group average is sufficient to stimulate a more polarized response and that those exposed to the full distribution of others' choice are not significantly more polarized than those who merely witnessed the group average [Brown 1974; Myers 1978 ]. Because Amazon also shows its users a histogram of all the past ratings and a list of the most recent ratings near the bottom of the page, we also measured the deviation of each rating from its recent three predecessors. Figure 5 (b) plots Ed n = E|X n − (X n−3 + X n−2 + X n−1 )/3| as a function of n. Not only the increasing trend remains but the deviation actually exceeds Ed n by 0.05 stars. This again supports our conjecture that those users who disagree with the existing average will be more willing to express themselves and thus soften the overall opinion of a given book.
STUDY 2: IMDB.COM
Data
While our hypothesis seems to explain the softening of opinions observed in Amazon, it would be more conclusive if one could conduct a test that directly compares people's opinions expressed at different cost levels. In order to address this issue we conducted a study of IMDB.com (The Internet Movie Database). Unlike users of Amazon who are required to write a review when rating a book, users of IMDB are free to choose the effort level when reviewing a movie. Specifically, after observing the current average rating of a movie, a user can either submit a quick rating by clicking on a scale of 10 stars or make the extra effort involved in writing a comment between 10 and 1,000 words.
Our dataset consists of all 1,275 USA movie titles released after year 2000 which have no less than 5,000 ratings, as of August 1, 2008. The list of titles were obtained using IMDB's Power Search engine. A constraint on the number of ratings is necessary because the proportion of commented rating among all ratings is very low (1.17% in our dataset). For each movie, we know its average rating (taken among all ratings with or without a comment) as well as the value and date-stamp of each of its commented ratings, but we do not have any specific information about each uncommented rating. There are 407,557 commented ratings in total. We divided the movies into 3 tiers based on their ratings: the top tier contains 545 "good movies" whose ratings are at least 7, the bottom tier contains 34 "bad movies" whose ratings are at most 4, and the middle tier contains the rest.
Results
We observed a clear decreasing trend in the ratings associated with comments in the top tier, as shown in Figure 6 . We did not observe any clear trend in the bottom tier. Similar to the Amazon study, we tested the alternative hypothesis "X l−n+1,l >X 1,n " in each of the three tiers, for n = 1, . . . , 50. The 100 tests in the top tier and the middle tier all support the alternative with p-value less than 0.001. None of the 50 tests in the bottom tier yield statistically significant results (i.e., the alternative can neither be supported nor rejected), possibly due to its small size. While it is not reliable to say that bad movies tend to receive higher ratings, it is safer to conclude that good movies accumulate lower ratings as time goes on.
We also examined the difference between the overall average rating (with or without a comment) and the average rating associated with a comment for each movie, and the result is shown in Figure 7 . Assuming as we do that the benefit of opinion expression diminishes as the number of opinions grows, it follows that it is those who are willing to incur a high cost that will continue to express opinions at very late times. Since the data in the figure shows that the latter deviate opposite from the population average, this offers a tentative (but not conclusive) explanation for the moderating effect in the average opinion. An alternative explanation is that people are reluctant to be the first one to dissent so after the first bad review appears, a series of bad reviews follow up. To test the effect of pioneering bad reviews, we counted the number of 1-star ratings among the first n ratings of each Amazon title (denoted by Y n ), and then performed the linear regression X n+1 ∼ a + bX n + cY n for n = 2, 3, 4, 5. All the fittings yield a statistically significant coefficient c between −0.002 and −0.001, suggesting a weak herding effect.
CONCLUSION
In this article, we studied the dynamics of online opinion expression by analyzing the temporal evolution of a very large set of user views, ranging from online reviews of the best selling books at Amazon.com, and movie reviews at the Internet Movie Database IMDB. Our observations revealed that later opinions tend to show a large difference with previous ones, which in turn moderates the average opinion to the less extreme. When opinion expression is costly, we found that people tend to project a perception of being discriminate by average rating average rating with comments Fig. 7 . Selection bias induced by commented ratings. Each cross in this figure corresponds to one movie title. The horizontal coordinate represents the movie's overall average rating (r) taken over both commented and uncommented ratings. The vertical coordinate represents the movie's average rating taken over only commented ratings (r c ). The two vertical lines separate the data points into three tiers. Clearly, points in the bottom tier tend to fall above the line, and points in the top tier tends to fall below. That is to say, those users who spend the additional cost to write a comment tend to express opinions opposite to those of the majority. A t-test of the alternative hypothesis thatr c <r for good movies and a similar t-test ofr c >r for bad movies both yield a p-value less than 0.001. disagreeing with previous ones. This is a robust and quantitative observation in conformity with Scholosser's hypotheses [2005] .
These results also show that in the process of articulating and expressing their views online, people tend to follow a different pattern from that observed in information cascades or group polarization. This might be due to the fact that both at Amazon and IMDB, the setting and measurements differ from the standard ones in group polarization experiments and information cascades. We point out, however, that it is opinions like the ones we studied that are increasingly used by millions of people to navigate the sea of information they encounter every day. Thus these results might be of practical value.
We close with a cautionary note on the interpretation of online public opinion. This is because a simple change in the order or frequency of given sets of views can change the ongoing expression in the community and thus the perceived collective wisdom that new users will find when accessing that information.
